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About the Data Science Team

- Shubha Ranjan — Data Science Group Lead
- Data Science Team Members

- Thaddeus Norman
-Jonathan Gee

-Jeff Becker
- Thail Truong
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Outline

- Data Science At HECC
- Data Science Conda Environments
- Distributed Python
- Overview of Dask
- Overview of Horovod
- Overview of Jupyter Lab and Web Uls
- Overview of TensorBoard
- Overview of Profiling tools
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Pilot Projects

- What Are Pilot Projects?
- Highlight Existing Capabilities
- Explore New Technology
« How Do You Initiate One?
- Contact us: dataanalytics@nas.nasa.gov

- Here Are Some Examples:
- Solar Cell Materials Prediction
- System Log Aggregation
- Carbon Nanotube Neural Network Gas Sensor
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mailto:dataanalytics@nas.nasa.gov

CNT Pros

* Inexpensive

« Easy to fabricate

* Resistance sensitive to
gas concentration

CNT Cons
* Non-linear response
* TN, ARNCE . - Difficult to model

(2}
o
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Neural Network Solution
« Trained model to predict

Predicted Concentration (ppm)
o
1S}

20 4 2000
y=1.003x +0.0124 y=0.9855x+11.158 .
o , __R-09u 0 _ meEs gas concentration from
0 20 40 60 80 0 2000 4000 6000 8000 1
Exposed Concentration (ppm) Exposed Concentration (ppm) Se n SO r I n p Ut

 Recommended path for

Kim et al, ACS Applied Nano Materials vol 2 issue 10 pages 6445-6451
future work
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Data Science at HECC

- Data Science Conda Environments
- TensorFlow: tf1_15, tf2_3, tf2_4
- PyTorch: pyt1_7, pyt1_8
-R:r3_6
- Horovod: horovod
« Deploying Environments on Pleiades
- Accessing Environments
 module use -a /swbuild/analytix/tools/modulefiles
 module load miniconda3/v4
e source activate <environment_name>
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Common Python Packages

Pandas — Data analytics platform

Dask — Distributed data analytics platform
Scikit-learn — Machine learning and scientific
computing platform

Matplotlib — Plotting and graphics platform
Pillow — A fork of Python Image Library (PIL)

Jupyter Lab — A collaborative and integrated
development environment

To request or suggest a package:

- Contact: dataanalytics@nas.nasa.gov or
support@nas.nasa.gov
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 Accessing HECC conda environments:

- module use -a /swbuild/analytix/tools/modulefiles
- module load miniconda3/v4
- source activate environment_name

- Adding packages for local use:

- pip install --user package_name

» Creating a new conda environment:
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- export CONDA_ENVS_PATH=/nobackup/$USER/.conda/envs
- export CONDA_PKGS_DIRS=/nobackup/$USER/target_directory
- conda create —name my_env --clone base
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Using Dask

« Distributed Python Environment
- https://tutorial.dask.org/
- https://github.com/dask/dask-tutorial
- https://docs.dask.org/en/latest/setup/hpc.html

- Single Node Interactive Mode:

- from dask.distributed import Client, LocalCluster

- cluster = LocalCluster()
- client = Client(cluster)

« Multiple Node Interactive Mode:

- mpirun -np <number of cpus> dask-mpi --no-nanny --interface ib0 --local-
directory /.../dask_sch/sched.json

- client = Client(scheduler_file=".../dask_sch/sched.json’)
- In a separate shell launch Jupyter Notebook or Jupyter Lab

A High End
puting
ability
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https://tutorial.dask.org/
https://github.com/dask/dask-tutorial
https://docs.dask.org/en/latest/setup/hpc.html

Submitting a Dask Job

» In PBS script:
- Create or erase Dask scheduler directory

- Launch Dask using mpi code
» In Python script:

- Instantiate Dask client using scheduler launched in PBS
script
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Submitting a Dask Job

In PBS script (batch mode):

#clear and create directory for dask scheduler

if [ -d dask_sch ]

then
echo "removing old scheduler directory"
rm -r dask_sch
echo "creating new scheduler directory"
mkdir dask_sch

else
echo "creating scheduler directory"
mkdir dask_sch

fi

#run program
mpirun -np <number of cpus> dask-mpi --no-nanny --interface ib0 --local-directory
/.../dask_sch/sched.json & python <filename.py>

In Python Code:
from dask.distributed import Client

client = Client(scheduler_file="/.../dask_sch/sched.json')

End
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Using Horovod

- Distributed deep learning training framework

- Used in conjunction with TensorFlow or PyTorch to train
models faster when distributed

- https://github.com/horovod/horovod
- https://horovod.readthedocs.io/en/stable/summary include.h
tml
- After setting up pbs script and python bindings, easy
to test distribution to many nodes
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https://github.com/horovod/horovod
https://horovod.readthedocs.io/en/stable/summary_include.html

Submitting a Horovod Job
 In PBS Script

- load miniconda and cuda 11.0 module and
activate horovod environment

- run script to set environment variables on all nodes
- run program

 In set_vars.sh
- Set environment variables needed for horovod to run

* In python code
- Initialize Horovod
- Pin processes to 1 GPU
- Use Horovod distributed optimizer
- Broadcast Horovod variables
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Submitting a Horovod Job

In PBS script (batch mode):

#load miniconda and cuda 11.0 module and activate horovod environment
module -a use /swbuild/analytix/tools/modulefiles

module load miniconda3/v4

module load cuda/11.0

source activate horovod

#run script to set environment variables on all nodes
source set_vars.sh <number of GPUs per node>

#run program

mpiexec -np <total number of GPUs>\
-bind-to none -map-by slot -prepend-rank \
python <filename.py>

14



Submitting a Horovod Job

In set vars.sh:

#important environment variables that need to be set
export NCCL_IB_DISABLE=1

#needs to be set on all nodes

export CUDA_VISIBLE_DEVICES=$GPU_LIST

#GPU_LIST set by command line argument, list O to specified number of GPUs
GPU_LIST=0
for ((i=1; i<=($1-1); i++));
do
GPU_LIST=$GPU_LIST,$i
done

#optional environment variables that can help debug
export NCCL_DEBUG=INFO
export HOROVOD_TIMELINE=<folder_path>/<timeline_filename>.json
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Submitting a Horovod Job

In Python code for TensorFlow:
import horovod.tensorflow.keras as hvd

#initialize horovod
hvd.init()

#pin GPUs to one process each
gpus = tf.config.experimental.list_physical_devices('GPU')
for gpu in gpus:
tf.config.experimental.set_memory_growth(gpu, True)
if gpus:
tf.config.experimental.set_visible_devices(gpus[hvd.local_rank()], 'GPU’)

#wrap optimizer in a horovod one
opt = tf.optimizers.SGD(0.01)
opt = hvd.DistributedOptimizer(opt)

#compile model with experimental_run_tf_function as False
model.compile(loss=tf.losses.SparseCategoricalCrossentropy(),
optimizer=opt,
experimental_run_tf_function=False)

#add horovod broadcast variables callback
callbacks=[hvd.callbacks.BroadcastGlobalVariablesCallback(0)]
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Submitting a Horovod Job

In Python code for PyTorch:
import horovod.torch as hvd

#initialize horovod
hvd.init()

#pin GPUs to one process each, place model on GPUs
torch.cuda.set_device(hvd.local_rank())
model.cuda()

#wrap optimizer in a horovod one

optimizer = optim.SGD(model.parameters(), Ir=0.01 * Ir_scaler)

optimizer = hvd.DistributedOptimizer(optimizer,
named_parameters=model.named_parameters(),
op=hvd.Average)

#horovod broadcast variables
hvd.broadcast_parameters(model.state_dict(), root_rank=0)
hvd.broadcast_optimizer_state(optimizer, root_rank=0)

End
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Jupyter Lab & Web Uls

- Web Uls and security
- Web servers allow access to your file system!

- When using a web server you must be on a compute node!
- Compute nodes have restricted access

- Compute nodes will not allow you to download files from the

internet
 Interactive Mode
- gsub —| —I select node ...

- Reserved Front End
- pbs_rfe --duration 70+ --model bro
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Running Jupyter Lab & Web Uls

- Start conda environments and Web Server:
- module use -a /swbuild/analytix/tools/modulefiles
— module load miniconda3/v4
— source activate tf2_4
- jupyter lab —no-browser

« (or command to launch server)

 In a new shell on your local machine:
- ssh -0 "StrictHostKeyChecking ask" \
-L. 18080:localhost:8888 \
-0 ProxyJump=sfe,pfe21 rfe_name

* In a browser, connect to http://localhost:18080/

A End
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TensorBoard

- TensorBoard is a useful Ul tool for visualizing and

debugging TensorFlow models

- Used for easy data visualization, model statistics, and in-
depth analysis of the model layers

One of the extra modules in TensorBoard is the

profiling tool

- Used for in-depth analysis of the training performance by
generating a timeline of the model

- Provides information on where the bottlenecks in training

could occur and helps provide suggestions on how to
alleviate them

- https://www.tensorflow.org/tensorboard/get_started
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https://www.tensorflow.org/tensorboard/get_started

TensorBoard Python Bindings

« TensorBoard works as a callback in TensorFlow
- Assign log directory

* log_dir = "logs/fit/" +
datetime.datetime.now().strftime("%Y %m%d-%H%M%S")

- Set TensorFlow callback & assign the histogram frequency

* tensorboard_callback= tf.keras.callbacks.TensorBoard(log
_dir=log_dir, histogram_freq=1)

« Histogram number represents the number of logged
batches
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Running TensorBoard

 You can launch TensorBoard from a PBS node like a
Jupyter notebook:
- module use -a /swbuild/analytix/tools/modulefiles
— module load miniconda3/v4
— source activate tf2_4
- tensorboard --logdir=<directory>

 In a new shell on your local machine:
- ssh -0 "StrictHostKeyChecking ask" \
-L. 8080:localhost:6006 \
-0 ProxyJump=sfe,pfe<21> rfe_name

« In a browser, connect to http://localhost:8080/
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-

unning TensorBoard In Jupyter Notebook NS%‘\

- Alternatively, you can use TensorBoard in a
Notebook with:

- %load_ext tensorboard
- %tensorboard --logdir <directory> --load_fast=false
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« Basic model results comparison using scalar tab:
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TensorBoard Usage

TensorBoard SCALARS

[] Show data download links

Ignore outliers in chart scalint

Tooltip sorting

method: w
Smoothing
—e ——— 0.368

Horizontal Axis

STEP RELATIVE

WALL

Runs

Write a regex to filter runs

() 20210426-103008sw/train

20210503-120328wk2_new_
O config/train

(O 20210504-102422sw/train
TOGGLE ALL RUNS

logs

GRAPHS  DISTRIBUTIONS

HISTOGRAI > INACTIVE

Q Filter tags (regular expressions supported)

epoch_accuracy

epoch_accuracy
0.74
0.7
0.66
0.62
0.58

054 -|

ra
]

epoch_loss

epoch_loss

i
&
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TensorBoard < 1S DISTRIBUTIONS HISTOGRAMS  TIME SERIES INACTIVE

Horizontal axis

STEP RELATIVE

WALL

Runs

Write a regex to filter runs

() 20210426-103008sw/train

20210503-120328wk2_new_
O config/train

(O 20210504-102422sw/train
TOGGLE ALL RUNS

logs

End
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conv2d_4
conv2d_5

conv2d_5/bias_0 120210426-103008sw/train
8e-3
4e-3
0
-4e-3
-8e-3

ra
La

conv2d_5/bias_0 20210503-120328wk2_new_config/train
8e-3

4e-3

o

conv2d_5/bias_0 20210504-102422sw/train
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TensorBoard Profiling

- TensorBoard has a built-in profiling tool that can be
helpful for debugging and optimizing training
 TensorFlow profiling can identify a few common
bottlenecks
- Data loading
- Collective Reduce
- GPU usage
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TensorBoard Profiling for TensorFlow

 The profiling tool can be accessed through the same
TensorBoard window, but needs additional

arguments in the callback to record data:

- tensorboard_callback = tf.keras.callbacks.TensorBoard(log_dir=log_dir,
histogram_freq=1, profile_batch='<start,end>’)

- Records data from the first epoch

- Some of the graphs use Google Chart Libraries
which require internet access which is not available
on compute nodes
- We recommend transfer log data to local machine to get full outputs

* https://www.tensorflow.org/guide/profiler
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https://www.tensorflow.org/guide/profiler
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Running TensorBoard Locally

- Transfer log data to local machine

- Run TensorBoard or Jupyter notebook locally:
- tensorboard --logdir=<directory>

- Required packages:
- TensorFlow >=2.4
- TensorBoard >= 2.5
- Jupyterlab

- If you want to use TensorBoard with PyTorch:
- pytorch >=1.8
- torch-tb-profiler
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TensorBoard Profiling

« TensorBoard Profiling provides different levels of
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depth for system resource utilization:

- Overview — summarizes average step time, can help easily identify a
training bottleneck

- kernel_stats, pod_viewer, tensorflow_stats — breakdown of
computational graph during training, can help find which part of the
model is slow

- Memory_profile — monitors memory usage and can help debug OOM
errors

- trace_viewer — full timeline of every op and device that executed them

- tf_data_bottleneck_analysis — experimental tool to help optimize data
throughput
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TensorBoard SCALARS

top right

[ CAPTURE PROFILE ]

Runs (3)

| 20210504-102422sw/train/2021_0... ~ |

Tools (8)

| overview_page

Hosts

| ri01i2n1

End
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GRAPHS

DISTRIBUTIONS  HISTOGRAI » PROFILE

Performance Summary

Average Step Time
lower is better
(o =883.6 ms)

e Idle: ms

e Input: ms

e Compute: ms

o All Others Time
(c=0.1ms)

o Compilation Time
(0=0.0ms)

e Output Time
(0=0.0ms)

e Input Time
(o =883.9 ms)

« Kernel Launch Time
(0=0.5ms)

o Host Compute Time
(0 =10.7 ms)

« Device Collective Communication Time
(0=0.0ms)

~ | @ | & £ O

4740.4 ms

1.0 ms

0.0 ms

0.0 ms

4594.2 ms

1.6 ms

17.3 ms

0.0 ms
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Kernel Stats

Shows breakdown of GPU usage

TensorBoard SCALARS

GRAPHS  DISTRIBUTIONS  HISTOGRAI > PROFILE

- I - = o

‘ CAPTURE PROFILE ’

Runs (3)

20210503-120328wk2_new_confi...

Tools (8)

kernel_stats

Hosts

r101i2n1
NASA High End
Computing
Capability

GPU Kernel Stats s
Export as CSV

Top 10 Kernels with highest Total Duration
Show top 10 Kernels
®

@ volta_sgemm_64x64_nt

@ volta_sgemm_32x128_nt

@ volta_gcgemm_64x64_nt

@ volta_sgemm_32x128_nn

@ volta_scudnn_winograd_128x128_Idg1_lc

® void
Eigen::internal::EigenMetaKernel<Eigen::’

® void
cudnn::winograd_nonfused::winogradWgr

@ void cudnn::pooling_bw_kernel_max<floa
float, cudnn::maxpooling_func<float, (cudi

@ void
cudnn::winograd_nonfused::winogradWgr

@® void
cudnn::winograd_nonfused::winogradFory
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Pod Viewer

Shows breakdown of device usage in each step

TensorBoard SCALARS GRAPHS DISTRIBUTIONS  HISTOGRAI » PROFILE

CAPTURE PROFILE Pod Viewer

Selected step: 0
Runs (3) O

20210503-120328wk2_new_co... ¥

Step breakdown

Tools (8) (x-axis: hostname, y-axis: time(us))
pod_viewer ag I Device compute 0 Device to device [l Device collective com...
I Hostcompute [ Kernel launch [l Input [0 Output
I Compilation All others
2,000,...
Hosts
r101i2n1 v £:500
1,000,...
Step breakdown of r101i2n1
500,000

321668.86 Us (19.01%) 0

r101i2n1

Device to device:

0.00 Us (0.00%)
NASA High End
Computing
Capability 32



TensorBoard SCALARS GRAPHS  DISTRIBUTIONS  HISTOGRAI » PROFILE

CAPTURE PROFILE TensorFlow Stats &4
(1) In the charts and table below, "IDLE" represents the portion of the

total execution time on device (or host) that is idle. Exportias GoN-
(2) In the pie charts, the "Other" sector represents the sum of sectors that
Runs (3) are too small to be shown individually.
| 20210503-120328wk2_new_confi... ¥ | Include IDLE time in statistics
Tools (8)
ON DEVICE: TOTAL SELF-TIME (GROUPED BY ON DEVICE: TOTAL SELF-1
I tensorflow_stats v ‘ TYPE) (in microseconds) of a TensorFlo

(in microseconds) of a TensorFlow operation type

@ Conv2DBackpropFilter
@ _FusedConv2D
@ Conv2DBackproplnput

@ ReluGrad |

%////l\\\\§

Hosts

»

| r101i2n1 v |

@ ResourceApplyAdam
@ BiasAddGrad
Other

ON HOST: TOTAL SELF-TIME (GROUPED BY TYPE) ON HOST: TOTAL SELF-TIN
(in microseconds) of a TensorFlow operation type (in microseconds) of a TensorFlo

@ CollectiveReduce

@ ReadFile

@ DecodeJpeg

@ Cast

@ ResizeBilinear
Other

End
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Memory Profile

Shows memory usage of selected device
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TensorBoard

SCALARS

CAPTURE PROFILE

Runs (3)

GRAPHS

20210503-120328wk2_new_confi...

4

Tools (8)

memory_profile

Hosts

r101i2n1

E n

DISTRIBUTIONS

HISTOGRAI > PROFILE

Memory Timeline Graph

Tips: Zoom in: left click and drag; Zoom out: right click; Metadata: click on heap
data point.

Memory Usage (GiBs)
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Trace Viewer

Full timeline of all ops on each device

TensorBoard SCALARS

CAPTURE PROFILE

Runs (3)

GRAPHS

DISTRIBUTIONS

HISTOGRAI > PROFILE v

c & 0

Trace View | Flow events || Processes || M |
|

v /device:GPU:0 (pid 1)

|15s

X

20210504-102422sw/train/2021_0... ~

Tools (8)

trace_viewer v
Hosts

ri01i2ni v

Stream #13(Compute)
Stream #22(Compute,MemcpyH2D)
Stream #23(MemcpyH2D)
Stream #24(MemcpyD2H)
Stream #25(MemcpyP2P)
Stream #44(Compute)
Stream #45(Compute)
Steps
~ TensorFlow Name Scope

TensorFlow Ops
v /device:GPU:1 (pid 2)

End
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Stream #21(Compute)
Stream #26(MemcpyH2D,Compute)
Stream #27(MemcpyH2D)

Henisa S~

| View Options | - - IEI

SO SIBIS 9zIS d|id

Bleq swel

Aouaje induj

HalY
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TF Data Bottleneck Analysis

Provides suggestions on how to optimize data loading
TensorBoard SCALARS GRAPHS DISTRIBUTIONS  HISTOGRAI > PROFILE - c Q @

CAPTURE PROFILE Performance Analysis Summary
This tool is experimental. Please report an issue here if the analysis result seems
Runs (3) off.
Your profile has a tf.data input pipeline slower than 50 us. Below shows a
20210504-102422sw/train/2021_0... ¥ bottleneck in the slow input pipeline and a suggestion on how to fix it.
Host P!npgt LaT::cy Bottleneck Suggestion
Tools (8) ipeline (us)
. lterator Type: ParallelMapV2
tf_data_bottleneck_anaIySIS v H101i Long Name: Iterator::Model::MaxIntraOpParalle See this for su
2n1 Host:0 6,048,023 lism::Prefetch::Shard::Rebatch::BatchV2::Forev estions. 9
erRepeat::ParallelMapV2 9 .
Latency: O us
Hosts
ri0ti2ni - Summary of All Input Pipelines
Host Input Pipeline Min (us) Avg (us) Max (us) #calls # slow calls
r101i2n1 Device:0 2,152,024 4,453,436 5,910,509 11 1
r101i2n1 Device:1 2,149,810 4,446,754 5,908,291 1 11
r101i2n1 Host:0 11 2,300,646 6,048,023 21 10
Input Pipeline Graph
Host Input Pipeline Rank
ri01i2n1 ~ Device:0 ~+ 0 v
End
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TensorBoard Profiling for PyTorch

- New versions (>1.8) of PyTorch support
TensorBoard

- Not as in-depth as TensorFlow’s output, but still can be
helpful

- PyTorch profiler created in a context manager:

with torch.profiler.profile(
schedule=torch.profiler.schedule(wait=1, warmup=1, active=3, repeat=2),
on_trace_ready=torch.profiler.tensorboard_trace_handler('./log/resnet18_2"),
record_shapes=True,
profile_memory=True,
with_stack=True

) as prof:
<train model>

prof.step()
NASA High End
Computing
Capability 37



TensorBoard Profiling for PyTorch

 Pytorch profiler only has a few tabs:
- Overview — summarizes average step time

- Operator — displays every op and gives a breakdown on the
most time-consuming ones

- Trace - full timeline of every op and device that executed
them

- Memory — breakdown of memory usage for each op

- Does not provide a suggestion on what is
bottlenecking training like TensorFlow does
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Overview

 Loading the log file will display the PyTorch profiling
tOOI TensorBoard ~ PYTORCH_PROFILER INACTVE ~ ~ a o

<
Configuration Execution Summary
Runs
Number of 1 Category Time Duratio
Worker(s) Average @ Datal...
v @cru
feshetts Device Type CPU Step Time 6:31 Exec
Dataloader 21 " @ Other
Views CPU Exec 5,9C
Other 1€
Overview
Operator
Trace

( T
nasmac3269.ndc.nasa.gov_30322 v

Step Time Breakdown ®

Spans
8,000,000
1 -
2 6,000,000
8
2
§
§ 4,000,000
£
~
Q
& 2,000,000
NASA High End
Computing
Capability 39



Shows breakdown of usage, similar to TensorFlow
stats page
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Operator View

TensorBoard

Runs

resnet18_2

Views

PYTORCH_PROFILER

Operator

4

Workers

nasmac3269.ndc.nasa.gov_30322

Spans

4

INACTIVE

Operator View

(O Alloperators (® Top operators to show

Host Self Time (us) ®

Name

@ aten::mkidnn_c...
@ aten::mkidnn_c...
@ aten:mkldnn_c...
@ aten::select

@ aten::as_strided
@ aten::native_bat...
@ aten::native_bat...
@ aten::threshold...
@ aten::max_pool...
@ aten:fill_

Group By
Operator ~

Calls

- (O]

10

Host Total Time (us) @

8%

@

Search by Name

Host
Total
Duration
(us)
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Trace View

TensorBoard PYTORCH_PROFILER INACTIVE

< unkno| Flow events | Processes || M || View Options || [«T-1[~ |
| |5.450 ms |5.500 ms
~ Process 30322 -
Runs v thread 5413803 () 53
g
1)
&
resnet18_2 - @
<
o
Views 7
ul
Trace v ~ Process Traces §
PyTorch Profiler 9
o
Workers
=7
E
7
nasmac3269.ndc.nasa.gov_30322  ~ ] g
2}
<

Spans Nothing selected. Tap stuff.
NASA High End
Computing
Capability 41



Memory View

Shows breakdown of memory usage

TensorBoard PYTORCH_PROFILER
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Operator Name ©

:empty

:threshold_backward

:add
:max_pool2d_with_indices_backward
:max_pool2d_with_indices
::empty_strided

:div

rresize_

::addmm
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Profiling for Horovod

- Horovod does not support Tensorboard profiling

- Horovod can generate a timeline of all ops, which is
the same information as the trace viewer in
TensorBoard

- Timeline saved by setting the HOROVOD_TIMELINE
environment variable

« export HOROVOD_TIMELINE=<filename>.json

 <filename>.json has to be moved to a local machine
to view in a Chrome browser with the built-in tracing

tool
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® @ chrome://tracing

& C ® Chrome
Record I Save | Load | hv_timeline.json Flow events || Processes || View Options |
‘ R |103250 ms X |103300 ms X 1103350 ms X X X |103400 ms |1034
~ PartitionedCall/DistributedAdam_Allreduce/cond_24/then/_271/DistributedAdam AIIreduce/cond 24/HorovodAllreduce grads 24 _0 (pid 1)
- NEGOTIATE_ALLREDUCE ALLREDUCE
NCCL_ALLREDUCE
~ PartitionedCall/DistributedAdam_Allreduce/cond_25/then/_279/DistributedAdam_Allreduce/cond_25/HorovodAllreduce_grads_25_0 (pid 2)
- NEGOTIATE_ALLREDUCE ALLREDUCE
NCCL_ALLREDUCE

~ PartitionedCall/DistributedAdam_Allreduce/cond_23/then/_263/DistributedAdam_Allreduce/cond_23/HorovodAllreduce_grads_23_0 (pid 3)
- NEGOTIATE_ALLREDUCE ALLREDUCE

NCCL_ALLREDUCE

~ PartitionedCall/DistributedAdam_Allreduce/cond_22/then/_255/DistributedAdam_Allreduce/cond_22/HorovodAllreduce_grads_22_0 (pid 4)
v NEGOTIATE_ALLREDUCE ALLREDUCE

NCCL_ALLREDUCE

~ PartitionedCall/DistributedAdam_Allreduce/cond_20/then/_239/DistributedAdam_Allreduce/cond_20/HorovodAllreduce_grads_20_0 (pid 5)
v NEGOTIATE_ALLREDUCE

~ PartitionedCall/DistributedAdam_Allreduce/cond_21/then/_247/DistributedAdam_Allreduce/cond_21/HorovodAlireduce_grads_21_0 (pid 6)
v NEGOTIATE_ALLREDUCE

~ PartitionedCall/DistributedAdam_Allreduce/cond_19/then/_231/DistributedAdam_Allreduce/cond_19/HorovodAllreduce_grads_19_0 (pid 7)
v NEGOTIATE_ALLREDUCE

~ PartitionedCall/DistributedAdam_Allreduce/cond_18/then/_223/DistributedAdam_Allreduce/cond_18/HorovodAllreduce_grads_18_0 (pid 8)

Nothing selected. Tap stuff.

End
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Solving Common Bottleneck Issues

« Recommendations for some common data
distribution/training bottlenecks
- Data loading
- Collective Reduce
- GPU usage
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Data Loading Bottleneck

 Data loading is the most common type of bottleneck
- Change the way you load data into your model using
tf.data.dataset
- Prefetch, interleave map functions, and cache data

- https://www.tensorflow.org/quide/data_performance#best practice summary

- One of the main things to watch out for is properly sharding
data when distributing models

- When sharding data, try to shard by files rather than data
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https://www.tensorflow.org/guide/data_performance

Collective Reduce Bottleneck

- Bottleneck during communication between nodes
- Distributing the model might not be the best
approach

- Try increasing the batch size to do more
computations on each device before doing
collective reduce

- Check the amount of data you have per epoch

- For small amounts of data per epoch, probably
better to run on single node
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GPU Usage Bottleneck

« Other common techniques when data loading and
communication are not the problem

- Increase the number of GPUs used per node
- Increase the number of nodes used

- Decrease batch size if the ratio of GPU usage to
other operations is very large
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Summary

Horovod and Dask can be used to distribute python
code

- Horovod is used specifically for training deep learning
models

- Dask is used for general distributed python programming

Secure Jupyter Lab by using RFE (Reserved Front-
End) or PBS interactive mode

TensorBoard profiling can be used to debug and
optimize model training

We’re here to help you get you started with Machine
Learning
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Questions?

A PDF and recording of this webinar will be available

within 48 hours at:
http://www.nas.nasa.gov/hecc/support/training.htmi

Suggestions for future webinar topics are welcome
Contact us any time

dataanalytics@nas.nasa.gov
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